Households are constrained if they want to borrow, but banks restrict their lending. This paper separately identifies (using appropriate exclusion restrictions) the demand for debt, and the maximum amount agents can borrow when it is unknown which consumers are constrained. Using data from the CEX, it estimates that between 26 percent and 31 percent of households are constrained: and that poorly educated, ethnic minority, low income, men, and (among for the educated) older households are less often constrained. On average, households would like to borrow up to $4,000 dollars more.
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It is widely believed by economists that at least some agents are credit-constrained. It is offered as one of the most important explanations for a wide-variety of phenomena that are observed in economics, and also implicitly informs the policy debate, not only at the macro-economic level in motivating fiscal and monetary policy, but it also motivates micro policies such as subsidising university education for under-graduates, or supporting small business investment. While credit constraints are widely seen as pervasive, little is known about its incidence or importance. For example, while few black households borrow (as will be documented here), there is considerable debate about whether this is due to their low demand (as claimed by lenders), or to these households more often being denied credit. This paper will study credit constraints and particularly investigates consumer behaviour.
It will demonstrate how to estimate credit constraints, even when all that is observed is the amount agents borrow.
When considering how much consumers borrow, several questions may be of interest. The approach taken in this paper is to briefly characterize what it means for a consumer to be credit-constrained, and then to use a very simple form of credit-constraints that the literature motivates to answer some of the questions that are raised above. As will be seen, a simple way to characterize debt holdings is to think of actual debt as the minimum of the amount of debt that the household wishes to hold (the demand for debt), and the amount that any lender is prepared to lend (the supply of debt). While in this framework, for reasons to be discussed below, it is not possible to test the first of the questions that we might want to answer, the other questions can be answered.
The paper starts with a brief review of the literature in section 1. This discussion is restricted to the literature on consumption, and will help to motivate the rest of the paper. Section 2 proposes an estimation strategy, and explains that identification requires exclusion restrictions on the parameters that enter the demand and supply equations. Estimation must cope with two problems. Whether a household is constrained is not directly observed, but must be replaced with some proxy variable that will be a function of observed characteristics. Further, there is a selectivity issue since even if it was observed which households were credit-constrained, demand (or supply) conditional on the household being unconstrained does not equal the unconditional demand for debt. Having estimated these equations, section 3 will then recover the estimated incidence of credit-constraints among US households, and how this differs with household characteristics. This section will also discuss how to recover a measure of how much more credit constrained households would like to borrow. The selection issue involved in estimation will also be important here as it requires the construction of the difference between demand and supply, conditional on being credit-constrained and the former can not be replaced by, for instance, the unconditional demand for debt, without downward biasing the results.
The data used is a sample of over 7,000 households from the US consumer expenditure survey for the years 1988-1993. The results show that between 26 percent and 31 percent of households are credit-constrained. This figure is higher than several previous studies.
It also shows that credit constraints are more serious for single females, for well educated households and for middle income households and for white households. These differences across households are mainly due to demand, rather than supply. Additionally, creditconstraints decline with age for college educated households but are flat for poorly educated households. State banking regulations that are designed to encourage competition have little effect. Constrained households would like to borrow as much as $4,000 more.
The Literature On Credit Constraints.
Ever since the seminal paper by Hall (1978) consumption economists have questioned simple versions of the life-cycle/permanent income hypothesis (PIH). That paper, and an enormous number of succeeding papers, have rejected the Euler equation formulation for consumption.
Another strand of the literature showed how consumption tracked income over the life-cycle, which again rejects simple versions of the PIH, for instance Carroll and Summers (1991) .
A number of explanations for this have been suggested in the literature: one of the most popular is that at least some consumers face binding credit constraints. These consumers would like to borrow more in order to increase their level of consumption, such consumption is compatible with their life-cycle budget constraint, but for some reason they are not able to borrow as much as they would like at the 'market clearing' interest rate. For instance, Hayashi (1987) defined consumers as credit constraints if either (i) "they face some quantity constraint on the amount of borrowing", or (ii) "the loan rate available to them is higher than the rate at which they could lend". The first is often called credit rationing, and there is a large literature, going back to Jaffee and Russell (1976) , or Stiglitz and Weiss (1981) , which motivates such credit rationing by lenders as due to the fact that some consumers default on their loans, and there is imperfect information as to which agents will default.
The decision to default is not modeled. Nevertheless, such models show that it can be optimal to restrict lending to consumers. Such models imply (see figure 1 ) that lending takes place in discrete jumps: there are a countable number of ordered points (0,
between which lending takes place at a constant marginal rate of interest. At each of these points b i , there is a jump in the marginal rate of interest charged (perhaps to infinity, in which case no lending occurs beyond b i ).
A more recent literature has attempted to explicitly model the decision to default by consumers. This literature aimed to explain the limited ability of consumers to pool risk, and includes papers by Kehoe and Levine (1993) and Kocherlakota (1996) . In these papers, the standard model of an infinitely lived, utility maximizing consumer subject to a life-cycle budget constraint is augmented by an additional constraint on the consumer's behaviour. This additional constraint explicitly accounts for the fact that ex post the consumer may wish to default on his debt, and suffer any penalty which ensues. The punishment for default could take many forms but these papers concentrate on default resulting in autarky, (the consumer is permanently excluded from the credit markets). By solving these models for a decentralised market economy these models can endogenously create credit rationing in which the ability to borrow is restricted to some maximum level which depends on the parameters of the model. Above this maximum level default is assured, and hence it is never rational for lenders to allow borrowing beyond this limit. Such models differ from the earlier literature in that information is perfect, and in that there is only one interest rate 4 at which lending occurs (if it occurs at all). 1 Several papers have estimated the proportion of households that are credit constrained.
The simplest approach is taken by Hall and Mishkin (1982) , who attributed the rejection of the PIH model in Euler equations to a fixed fraction of the population simply spending their current income: this fraction was estimated to be some 20 percent of the population. Some papers have instead tried more directly to estimate or test for credit constraints.
The problem is that, denoting π i as a binary variable taking the value zero if household i is unconstrained and one if constrained, this variable π i is not directly observed. In much of the literature, some proxy variable has been substituted for the unobserved latent variable.
For instance, in a classic paper, Zeldes (1989) splits households by their level of assets: low asset households, with a gross assets to monthly income ratio of less than 2, are assumed to be credit constrained, and documents how low and high asset households' behaviour differ. Jappelli (1990) instead uses self-reported responses to a question about credit constraints contained in the Survey of Consumer Finances. 2 The question asked if the householder had been rejected for a loan, or if he had failed to apply for a loan because he feared rejection.
In either case, having chosen the proxy variable, the observations can be partitioned, and those who are thought to be credit constrained can be compared to those who are not.
When a suitable proxy variable exists there is no need to estimate the incidence of credit constraints, but different groups can still be usefully compared. Jappelli (1990) found that 1 Two papers that test the effect of punishing default are Gropp, Schulz, and White (1997) and Grant (2000) . They exploited differences between state bankruptcy rules in the different US states. Grant (2000) showed that moving to a state with a stricter punishment for default results in debtors borrowing $400 more on average. 2 Duca and Rosenthal (1994) . The first considers a two stage estimation of asset holding using the 1983 wave of the SCF, whereby a probit predicts which asset types are held, while the second stage predicts how much of each asset is held. They find that age, marital status, education, and sex all have substantial effects on both the type and quantity of assets. In contrast, Duca and Rosenthal (1994) look at how liquidity constraints affect the ability of households to enter the mortgage market again using Jappelli's 'turn-down' measure. Their model allows for selectivity by using a bivariate probit model for the housing choice and whether a household is credit constrained, finding borrowing constraints particularly affect younger households. They ask whether households borrow, but not how much.
One problem is that even if it were known which households were credit constrained, estimates of the demand, or other behavioural equations can still be biased. Estimates of the demand equation based only those observations who are unconstrained (for which π i = 0) is likely to under-estimate the true demand for debt among constrained households.
Those households with an unusually low level of demand, in the sense that they have low error draws in the demand equation, are less likely to be observed to be credit constrained.
This selection problem must be accounted for when recovering a true estimate of how much more credit-constraints want to borrow than they are currently allowed. This problem occurs when Cox and Jappelli (1993) estimate how much more households wish to borrow, but is controlled for by Duca and Rosenthal (1994) .
The next section is devoted to showing how to solve the identification and selection problem when no good proxy variable is available. It directly models credit constraints in an econometric model, and discusses how this model can be identified. In particular, credit constraints are not replaced by some proxy variable but instead they are modeled as arising from some equation
where X i is continuous and multi-dimensional.
Furthermore, it is implicitly recognized that π i is observed with error.
An Empirical Framework
Theory suggests (recall figure 1) that consumers can borrow any amount up until some limit at which the household is constrained. Both the amount that the consumer wishes to borrow, and the credit limit are functions of the household's characteristics denoted X i , where i denotes the household. Describing desired borrowing, y 1i , as "demand" and the credit limit, y 2i , as "supply" then the supply and the demand for credit can be written as functions of the households characteristics:
where ε 1i and ε 1i are the errors, or stochastic parts of the demand and supply functions respectively. The actual level of debt observed, denoted y i , is defined as the minimum of 7 supply and demand (or zero if this number is negative). These equations explicitly recognize that the econometrician does not observe all the characteristics that drive demand or supply.
Further, one would expect any characteristic that is observed both by the lender and the borrower (but not the econometrician) to enter both equations, and thus, in general, one would expect the errors ε 1i and ε 2i to be correlated. For an agent to be credit constrained both demand must exceed supply, and demand must be positive. This formulation makes explicit that credit constraints can bind at some level other than zero, and that not all agents who do not borrow fail to borrow because they are credit constrained. An alternative and parsimonious way of representing the same result (ignoring the zero observations) is to write
How estimation proceeds depends on what exactly is observed. The approach taken by Cox and Jappelli (1993) assumes that π i is observed, or can be well approximated by some proxy variable which partitions the data into those for whom supply is binding and those for whom it is not. From those who are credit constrained (where π i = 1) the supply equation can be recovered, while the demand equation can be recovered from those who are not. In this case the extra amount that credit-constrained consumers wanted to borrow is the difference between demand and supply conditional on credit constraints being binding. The strategy highlighted replaces demand conditional on credit constraints by the estimated demands from those for whom the constraints is not binding. However, estimation must account for the selection problem: agents are only observed to be credit constrained (ignoring the zero observations for the time being) if demand exceeds supply. That is, any estimation strategy must explicitly recognize that
and similarly for ε 2i . Failure to account for this selection problem results in biased estimates of f 1 and f 2 and thus mis-estimates how much more credit-constrained consumers wish to borrow.
More often π i is not observed, and there is no good proxy variable to replace it. In these cases the problem is that only y i is observed, but it is not clear which of the underlying 8 equations y 1i or y 2i has generated the observation. However, estimation can proceed by noting that what is observed is the minimum of supply and demand. That is:
This involves using the estimated function π i = f (X 1i , X 2i , ε i ). Two comments are worth making. First, while previously the proxy for π i was binary and one dimensional, this formulation explicitly recognizes that many variables can affect the incidence of credit constraints, and that such variables may be continuous. Secondly, it also recognizes that there will be heterogeneity across agents that is not captured through those variables X 1i and X 2i observed by the econometrician. This fact is captured by the addition of the error term
The aim is to replace π i by a probability distribution which depends on the household's observable characteristics, rather than by some proxy variable. This probability depends on the estimated parameters in the underlying supply and demand equations. 
A: Estimation by Maximum Likelihood
The framework discussed above, for which π i is not observed, is very similar in form to standard canonical disequilibrium models, as discussed in Quandt (1988) , and the discussion is similar to that contained there. Estimation can proceed by full maximum likelihood. The likelihood of any observation y i is thus
where it is implicitly recognized that we are also conditioning on X 1i and X 2i . The first part of the equation represents the contribution to the likelihood function of those observations where debt is positive, and in which supply exceeds demand so that the household is unconstrained. The second part represents those observations for which demand exceeds supply, while the final part represents those households who do not borrow. If we impose that f 1 and f 2 are linear, and further assume that the error structure is bivariate normal with co-variance matrix Σ, so that
and note that y i is observed, then it is simple to construct the likelihood function for this problem. Although the exact form of the likelihood is given in the appendix, some technical be bounded away from zero, and that the estimated correlation parameter of these errors ρ must be bounded away from ±1. This is more onerous than might be thought: unlike in the straightforward tobit model, it is not known, a priori, whether a non-zero observation obtains from the supply or the demand equation. If the regression includes a constant, the coefficients on the parameters can always be chosen so as to make f 1 = 0 in which case the likelihood is unbounded as σ 1 −→ 0 (similarly for supply). In practise this problem translates into finding a suitable starting value that does not lie in the region in which the gradient points to the boundary of the parameter space. 5 The second condition means that there must be variables that enter the supply, but not the demand equation, and/or variables that enter the demand, but not the supply equation (e.g. X 1i = X 2i ). This is the identification problem. Note however, that given such variables, other variables can freely enter both the supply and the demand equation, and the estimated effect on supply and/or demand of the variable can be separately identified.
Which exclusion restrictions should be made? The exclusions in this paper are that quarter enters demand and not supply, while bank regulation, and number of people per bank in the state that year both enter supply and not demand. 6 Are these restrictions reasonable? Using seasonal dummies only in the demand equation argues that lenders do not discriminate on the basis of which month borrowers ask for loans. 7 If banks did, then there would be incentives for borrowers to time their requests for debt at certain times in the year, and since it is as costly to request a loan in one month as in another, it seems sensible to suppose there is a pooling equilibrium on month. Furthermore, there is some evidence that the federal reserve manages monetary policy to eliminate seasonality in supply: this is a movement along the supply curve rather than of the supply curve, see Miron (1986) or Barsky and Miron (1989) . On the other side, the banking regulations are due to state banking laws. 8 These rules, tabulated in table 1, not only vary across states but also across time, and it seems reasonable to suppose that they are unrelated to demand. The table shows when different states allowed intra-state branching, and highlights that there has been a gradual relaxation in banking regulations over the last 20 years. The timing of this de-regulation differed from state to state, which can be exploited in the regressions that will be run. The regressions will also include people per bank in the state as a proxy for local bank competition.
6 Strictly speaking, we only need either something in demand and not supply or something in supply and not demand, and not both. Further to the exclusion restrictions reported above, some regressions are also reported with additional exclusion assumptions. 7 Note that this does not mean that debtors observed, or unobserved characteristics do not change month by month, merely that banks do not use month in their assessment of whether to extend a loan to the potential debtor. 8 The rules used are a dummy for whether intrastate branching through merger and acquisition is allowed (law 1) and a dummy for whether full intrastate branching was permitted (law 2). Including whether interstate banking was also permitted made no difference to the regressions. These rules were obtained from Amel (1993) and Kroszner and Strahan (1999) where a much fuller discussion of these regulations is contained. Taken from Amel (1993) and Kroszner and Strahan (1999) , while 1970 means 1970 or before.
The third condition means that at least some, but not all, households are credit constrained in the sample. Moreover, in reported regressions assumed that the errors ε 1i and ε 2i in equation 1 are uncorrelated (ρ = 0), since convergence failed when this restriction was not imposed. One interpretation of the error term is that it is due to parameters being omitted by the econometrician from the regression, either because they are unmodelled, or because they are not observed. For the parameters in the regression to be identified it must be true that E (ε ji |X ji ) = 0 for j = 1, 2, the standard assumption in a regression.
However, if σ 12 = 0 then this argues that any such omitted variable enter either the supply equation, or the demand equation, but not both. While this seems unlikely, we hope the imposition of this assumption will not affect the results too strongly. If instead an omitted variable increased (or decreased) both supply and demand, then this would cause a positive correlation between the errors, in which case σ 12 > 0, while if the omitted variable entered the supply and demand equations with opposite signs, then σ 12 < 0.
Data Description:
The data that this paper uses is the Consumer Expenditure Survey ( interview. Only one of these interviews will be used since otherwise there are potential correlations between observations when the same household is observed multiple times.
Other surveys of household debt exist, but there are a number of advantages in using the CEX. The first is the large sample size, which is important given the estimation strategy. or more members) were excluded, as well as households whose head received no education.
Also excluded were self-employed households, those whose primary occupation as farming, and those households in which more adults other than the household head (and his or her partner) were working. debt. This may seem to suggest that those groups, such as unmarried households, black households, or low income households have more difficulty in smoothing consumption since they are less likely to use the credit markets, but of course it is difficult to dis-entangle supply and demand effects from these raw numbers. The rest of the paper is devoted to this issue. Table 3 displays the estimated supply and demand equations. Omitted from the table are the coefficients on the year dummies and a set of regional dummies. Results are recorded for both the levels (in regression A) and for the log-levels (in regressions B, C, and D).
Results
For the log-level regressions the left-hand side variable is the ln (1 + debt). All four reported regressions imposed that the errors from the supply and the demand equations were uncorrelated. 9 The results show that being married, getting older, and more education significantly increase demand according to the demand equation (quarter is also significant).
Interestingly, black and male households have significantly lower demand. In the supply equation only marital status and having three or more children is significant. Similar results are obtained when the supply and demand equations are estimated in log-levels, the difference is that now three or more children enter demand but not supply, while education 9 Unfortunately convergence was not obtained for regressions with correlated errors.
enters supply. Age is no longer significant in either demand or supply. This result motivated regression C which not only includes a quadratic in income, but also interacted the age polynomial with education. The motivation for this is the difference in the age-income profiles for highly and poorly educated households: the steeper earnings profile for educated households may result in higher demand (and/or supply) for these households when they are young. The results show that age now is important in the demand equation only when interacted with education. By contrast, income is highly significant in both the supply and the demand equation. Lastly, in regression D, race and sex are removed from the supply equation since it is illegal to discriminate between customers on these grounds (and in any case they are never significant). Moreover, since education may in practise be difficult to observe, it too has been excluded from the supply equation. The pattern of the results in this regression is similar as in regression C: again race, education and its interaction with income, sex, marital status, and income are all significant in demand, while marital status and income are significant in supply.
The raw results are themselves not very easy to understand. However, having these results allow examination of the questions that were outlined in the introduction. The first question was to test whether π i ≡ 0 , and as discussed in the appendix, is not investigated in this paper but the other questions can be addressed by constructing the following:
Item (ii) will give (assuming our observations are a random draw from the whole population) the fraction of households credit-constrained in the whole economy. One could also (but have not) constructed the probability of being credit-constrained conditional on the current level of debt. Ranging over all possible y i would enable a calculation of the 'maximum' level of debt that a consumer is allowed to hold. Instead (iii) gives the probability of being credit-constrained conditional on the X-variates. By ranging over the X-variates different subgroups can be compared to see if there are significant observable differences across these subgroups in their ability to borrow and smooth consumption. Lastly (iv) shows how much more such consumers would have borrowed in the absence of binding credit-constraints.
A: The proportion of households that are credit constrained.
The proportion of households that are credit constrained is the unconditional expectation of π i over all households. For a household to be credit constrained the demand for debt must exceed supply and demand must be positive. These two conditions will not be independent, even when the supply and demand equations have uncorrelated errors. This condition can be written as
Not all households that have no debt wish to hold debt, and at least some of the households who hold debt would like to hold more. This probability can easily be constructed and more details are given in the appendix. The variance can also be calculated, since the estimated π is distributed:
where θ t = β t 1 β t 2 σ 1 σ 2 ρ , Σ is the variance-covariance matrix of the parameters from the maximum likelihood function, while π is a vector of partial derivatives with respect to θ evaluated at estimated coefficientsθ.
The results in table 4 suggest that the proportion of consumers who are credit-constrained is 26 percent when the levels equation is estimated, and 31 percent when the equation system is estimated in log-levels. These figures is slightly larger than is usually estimated. Jappelli (1990) also estimates a figure of around 19 percent. 10 One explanation of why this study finds a higher figure than the self-reported responses contained in Jappelli (1990) is 10 The different results may partly reflect the later period that is studied here.
that this paper will also include those households who were allowed to hold some debt, but not as much as they wish to hold. His definition only included those households who were rejected outright.
This number was constructed under the assumption that the errors ε 1i and ε 2i in equation 1 are uncorrelated (ρ = 0). This assumption seems implausible. One interpretation of the error term is that it is due to parameters being omitted from the regression, either because they are unmodelled, or because they are not observed. For the parameters in the regression to be identified it must be true that E (ε ji |X ji ) = 0 for j = 1, 2, the standard As highlighted in the introduction, one of the advantages of the approach taken in this paper is that differences across consumer types can be sensibly investigated. The first question that can be asked is are consumers with different observable characteristics differently credit constrained? However, the approach can go further than that: it can also investigate the reason for these differences across consumers. For instance, are these differences being driven by differences in the supply of loans, or by differences in the demand for loans?
Two objects are of interest; the level of credit constraints for households with a given characteristic, or the marginal effect of a given characteristic on the level of credit constraint holding everything else constant. The first is reported in table 4, and shows that single households headed by men are much less likely to be constrained than single households headed by women, while households headed by a couple (at least when the equation is estimated in logs) are somewhere in between. Those households who did not complete school are much less likely to be constrained, as are black households, while the number of children makes little difference. In regressions C and D, the poorest households are much less likely to be constrained, only 14 percent of those whose income is around $1000. This figure rises until income reaches $6,400 and is then flat above this. Looking at age in regressions A and B shows that credit constraints fall by a third between the ages of 25 and 55. Regressions C and D divide the sample into those who completed at least two years of college and those who did not. For the poorly educated households, the age profile is approximately flat, while the tables shows there were large declines in credit constraints among the more highly educated households. Notice however that credit constraints nevertheless remain high among older households. Table 5 reports the marginal effect of characteristics on credit constraints, while table 6 reports the median level of demand and of supply conditional on the X-variates. In calculating the effect of being male or female for instance, all other variables were fixed at their observed level in the data and then the variable of interest was set first to male, and then to female. And similarly for the other variables.
According to table 5 women are again much more likely to be constrained than men, but the effect is less dramatic than before. This is also true for the less well educated, for black households and when comparing across age groups. Interestingly, the very poorest households are the least likely to be constrained: the results in table 4 were because these households other characteristics made them very likely to be denied credit. Table 6 highlights that while the supply of credit is marginally lower, at most $120 lower in regression B, their demand is significantly higher, perhaps, as in regression C, by over $1,000. The table also shows that while supply is around $300 higher for couples, demand is higher than for men, and only marginally lower than for women. This contributes to the lower incidence of credit constraints among married couples. Regressions A and B show that the marginal incidence of credit constraints declines with age: table 6 shows that while supply falls gently with age, demand falls much more rapidly. Regression C shows that the slope of the supply curve is slightly steeper for college educated households, but that the slope of the demand curve, while fairly flat in both regression C and D for poorly educated households, for college educated households there is a large decline in demand between ages 25 and 55. This results in the incidence of credit constraints falling dramatically with age for these households. When differences in income are compared, table 5 shows that poor households are less likely to be constrained, but that beyond an income of $19,000 that the incidence of credit constraints are flat (and may even decline slightly). Table 6 shows that the demand for credit increases with income until it is around $19,000, and is especially low for the poorest households, supply is reasonably flat for lower income households, but increases rapidly for the richest households.
C: The demand for debt among credit-constrained households
The previous discussion investigated the extent of credit rationing among US households.
However, a complete discussion will also consider how important rationing is for these consumers. In the absence of rationing how much more would households borrow? If the extra amount of debt that households wish to borrow is denoted ∆ then the problem is to construct some estimate of 11 :
But by construction, the household can borrow as much as it likes if it is not credit constrained hence ∆ i = 0 whenever π i = 0, and this term drops out. Moreover, For the last term term y 2i = y i whenever π i = 1, and y i is observed, thus
The problem is to find some good proxy or estimate of the first part of equation 9. One approach, prevalent in the literature (see for instance Cox and Jappelli, 1993) , is to replace E (y 1i |π 1 = 1) by E (y 1i |π 1 = 0). However, even if the estimate of E (y 1i |π 1 = 0) is consistently estimated, using this in equation 9 will result in downward biased estimates of ∆ i . This is because (ignoring the zero observations).
A naive estimation strategy would thus under-estimate the true impact of credit-constraints on households. Instead construction of the difference entails allowing for the selectivity 11 It should be understood that we are conditioning on all the observed characteristics of the agent, and on the observed level of borrowing, although the notation has suppressed this.
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problem that this highlights. Given that f 1 and f 2 have both been estimated, then the expectation can be constructed:
where P r (y 1i |π i = 1) = P r (y 1i |y 1i > y 2i > 0) + P r (y 1i |y 1i > 0; y 2i < 0) and in the case of uncorrelated errors this becomes:
which can be recovered. Construction of this results in an estimate of E (∆ i ), see table 7, of $1,655 dollars for the level regression, and around $4,000 for the three log-level regressions.
That is, in the absence of credit constraints, households would, on average, borrow over one and a half thousand more unsecured dollars than they currently do (or roughly $4,000
for the log-level equations). This number is large given that the average amount of debt households hold is $2,733.
The results also show that this problem is particularly acute for college educated households, and for married or female households. It is also much more serious for younger households, especially for college educated and younger households (by contrast age has little affect among non-college households). Poor and black households are much less seriously affected in terms of how much extra they wish to borrow (although this smaller figure may be a larger proportion of their permanent income and hence more serious in utility terms).
Conclusion
The paper described how it was possible to estimate a model in which some consumers were credit-constrained, even though it was not known which consumers were constrained.
Estimation also addressed the selectivity problem: demand (or supply) conditional on being constrained does not equal the unconditional demand. Using the strategy proposed in the main body of the paper, the demand for debt and the supply of debt were separately identified and estimated. From this the paper recovered the incidence of credit-constraints among households, estimated to be between about 26 percent and about 31 percent in the population as a whole.
The paper found that sex, education, income, and race dramatically changed the incidence of credit-constraints, as well as age, at least for college educated households. In fact, the profile of a credit constrained household would be a single white female college graduate who has just started their first well-paid job. By contrast, a black male high school drop-out is far less likely to be constrained. Recall that poor and black households recorded a lower level and incidence of debt: this paper shows that this is overwhelmingly a demand, rather than a supply effect. One explanation is that the likely earnings profile of these households is flat, rather than increasing with age, and hence they do not wish to anticipate their future earnings. However, there is a steep decline in the demand for debt with age for college graduates. Two notes of caution should be made. First, poor households may be borrowing in markets that are not recorded in the CEX (for instance by borrowing through friends or using pawn dealers for instance). Secondly, the estimation strategy imposes that there are no fixed costs to asking for a loan (and hence no discouraged borrowers); if there were substantial fixed costs, then this would relatively reduce the estimated demand for small loans (typically given to poorer households). The justification for this important assumption is that modern credit scoring techniques, and the fact that almost all adults have a record with the major US credit bureaus, suggests that the costs to the bank of making a credit check on any potential customer is negligible (at most a few cents). Hence this paper claims this key assumption is reasonable.
Overall, the paper shows how three of the questions that were raised in the introduction can be answered and, in the appendix, it explains why it is not practically possible to answer the first of the four questions. The results are perhaps a little surprising, and show that credit constraints may be more pervasive than is commonly thought. Moreover, the paper also demonstrates that looking at the level and incidence of debt among various groups in society can be very misleading when investigating who is and who is not constrained.
The incidence is not only higher among middle income, and college educated households, the degree to which the constraints reduce their borrowing is also much larger. However,
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although poorer households may not want to borrow much more, this extra amount may have more serious utility implications: the marginal utility of $500 dollars to someone earning only $1,000 may be much higher than the marginal utility of $4,000 to someone earning $50,000 dollars.
and where
, and Φ (·) is the usual c.d.f. of the normal distribution and the correlation of the errors is defined as ρ =
The intuition is straightforward: non-zero observations may either have been generated by the demand equation or by the supply equation. If generated by the demand equation, then h 1i represents the p.d.f. of the observation, given that it is generated by the demand equation, while h 2i represents the probability that demand is exceeded by supply. The converse is represented by h 3i and h 4i . Finally, the term h 5i is the standard bivariate normal c.d.f. and represents the probability that either supply or demand is less than or equal to zero. 12 If the correlation between the errors is identically equal to zero (in which case ρ ≡ 0) then h 2i and h 4i simplify in the obvious way, while h 5i becomes:
Results will be presented for this simpler framework.
12 See Johnson and Kotz (1972) for a general discussion of the derivation of these equations.
Testing for credit constraints
It would be useful to test the system of equations in our model against an appropriate market clearing model. However, the following discussion will explain that this is not practically possible. In a market clearing model, the supply and demand equations jointly determine the level of borrowing, and there are no parameter restrictions implied by the model. Thus conventional tests are not appropriate, something that has been known at least since Hwang (1980) . 13 To illustrate the argument, suppose, for the time being, the zero observations were ignored. As specified in equation 1 the model to be estimated takes the form 14 :
where Ω 1 and Ω 2 partition observations between regimes and Ω j ∈ Θ where Θ is the space of all possible partitions. That is, Ω 2 represents those agents who are credit constrained, while Θ represents all the possible ways of selecting credit constrained households. By making appropriate assumptions about the parameters this system of equations can be estimated in a variety of ways, including FIML, SML, GMM, and MD. In the main part of the paper, the equations have been linearized, and then estimated by maximum likelihood. Estimation comprises both estimatingf 1 andf 2 , and estimatingΩ i . Having derived some estimate of f 1 and f 2 the challenge is to test the estimated model against some alternative model in which nobody is ever credit constrained (or agents are always credit constrained). In such a model the system of equations reduces to only one equation. That is, all observations will fall into only one of the regimes, f 1 say. The null and alternative hypotheses can thus be written:
13 He suggested a cusum or cusum of squares test on the residuals from the market clearing model but noted the poor power of the test in large samples.
14 For the purposes of this discussion we will ignore the observations in which no borrowing occurs.
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Let π i denote an indicator function for observation i belonging to the first regime 15 :
(And let π be the stacked vector of π i 's.) In which case the system of equations can be re-written in the following way.
From this it is immediately apparent that there is a problem with testing the parameters of the model. Suppose that the aim was to test whether all observations were generated by the first equation (i.e. that credit constraints are never binding). Equivalently this can be interpreted as either π i identically equals zero, or f 2i − f 1i identically equals zero. The problem is that if Ω 2 = φ (the empty set) then π i and f 2i −f 1i are not separately identifiable.
If the null hypothesis had generated the data, then it becomes problematic to test against the alternative hypothesis.
A literature has recently developed which has explored ways of testing such models which are contaminated by nuisance parameters that only exist under the alternative hypothesis.
If π where known, then testing the model would simply be a matter of constructing Wald, LR-, or LM-statistics and comparing the test statistic against a standard chi-squared distribution with degrees of freedom equal to the dimension of β. However, π is not known.
Since it is derived in a way that is dependent on the data, the Wald (similarly LR-, and LM-) statistic based on this estimated π will no longer have a standard distribution: instead the null hypothesis will be over-rejected. This could lead to the mistaken conclusion that some agents suffer binding credit constraints. The existing literature (see for instance Andrews 1993) has developed tests for cases when the data is naturally ordered, but they can not practically be implemented here. To bootstrap the distribution of the Wald-statistic, as this literature suggests, would take an infeasible amount of time. All regressions included a constant, year, and the instruments (quarter in the demand equation; law 1 and law 2, allowing intra-state bank branching through mergers and acquisition and allowing full intra-state branching respectively, and people per bank in the state in the supply equation). Income is log-income, high-school refers to completed high school, 'age' refers to (age-40)/10, while the interest rate is the tax free municipal bond interest rate. Column A is estimated in levels, while the other columns are estimated in log-levels. 
